Abstract The physico-chemical properties of interaction interfaces have a crucial role in characterization of protein-protein interactions (PPI). In silico prediction of participating amino acids helps to identify interface residues for further experimental verification using mutational analysis, or inhibition studies by screening library of ligands against given protein. Given the unbound structure of a protein and the fact that it forms a complex with another known protein, the objective of this work is to identify the residues that are involved in the interaction. We attempt to predict interaction sites in protein complexes using local composition of amino acids together with their physico-chemical characteristics. The local sequence segments (LSS) are dissected from the protein sequences using a sliding window of 21 amino acids. The list of LSSs is passed to the support vector machine (SVM) predictor, which identifies interacting residue pairs considering their inter-atom distances. We have analyzed three different model organisms of Escherichia coli, Saccharomyces Cerevisiae and Homo sapiens, where the numbers of considered hetero-complexes are equal to 40, 123 and 33 respectively. Moreover, the unified multiorganism PPI meta-predictor is also developed under the current work by combining the training databases of above organisms. The PPIcons interface residues prediction method is measured by the area under ROC curve (AUC) equal to 0.82, 0.75, 0.72 and 0.76 for the aforementioned organisms and the meta-predictor respectively.
interactions with other proteins. Detailed information of protein-protein interactions, metabolic and signal transduction networks improves our understanding of diseases, perturbation of healthy states or processes, providing the theoretical basis for new therapeutic approaches, mutant engineering and design, high throughput screening for drug design [1] .
Large molecular machines carry out most of molecular processes in the cell, like DNA replication. The topological organization and connectivity of the components within a protein complex are given by structural alignment of their interfaces. Understanding the characteristics of interfacial sites is a requirement for modeling the molecular recognition process. It is observed that the recognition sites have very similar common properties. Interaction sites share specific chemical and physical characteristics, which contribute to a molecular recognition process, for example hydrophobic, planar, globular and protruding properties.
Currently developed high-throughput experimental methods, such as Yeast two-hybrid, or mass spectrometry provided the global view of the whole interaction network for model organisms (interactome) [2] [3] [4] [5] [6] . The growing number of observed PPI interactions, makes it increasingly important to distinguish true physical interactions from experimental methods' artifacts or purely functional complexes. The mapping between identified protein-protein interactions and its atomic level structural details is essential for understanding the PPI molecular functions, and for designing drugs that can inhibit formation of a complex. Typically, X-ray crystallography, or NMR techniques are used for assigning the threedimensional structure for given protein-protein complex, allowing for detailed structural analysis in the context of molecular organization and its dynamics [7] .
Predicting residues that participate in protein-protein interactions helps to suggest, which amino acids are located at the interface, and further experimentally verifying using mutational analysis. Moreover, it can be used in the virtual screening of ligands to find potent inhibitors that are able to alter the protein-protein interaction for therapeutics discovery. First, it is important to find which properties of protein-protein interfaces differentiate them from non-interface surface regions. Analysis of physical and chemical properties required selecting distinctive features as observed in known three dimensional structures of complexes. Those features can be used for building statistical models and further in silico prediction using the variety of machine learning algorithms. Two major types of complexes are observed, namely homodimers and heterodimers, where homodimers mostly form permanent and highly optimized complexes, generally by aligning hydrophobic interfaces. In contrast, in the case of hetero-complexes, hydrophobicity is indistinguishable from the rest of the surface [8] [9] [10] . Jones and Thornton [11] suggested importance of differentiating between aforementioned types of complexes, when analyzing their intermolecular interfaces.
Typically, PPI recognition methods use either proteinprotein docking studies for structural fitting of complexes' members [12] [13] [14] , or exploit structural and physico-chemical characterization of the interface. Structural properties of interior surface and interfaces residues of oligometric proteins were compared by [15] [16] [17] [18] and they found that hydrophobicity, accessible surface area (ASA), shape and residues' preferences are the most important factors. Two protein subunits may interact and form a protein-protein interface by aligning two relatively flat surfaces, or can form non-planar curved interface. Therefore we need to describe a curvature of interface that is how far the interface residues are deviated from a plane. The planarity of the surfaces can be calculated by root mean square deviation of all interface atoms from the corresponding least squares plane as calculated using positions of those atoms. It has been observed that interfaces of heterocomplexes are more planar than homodimers, and for them it is difficult to find single parameter sufficient to distinguish interface residues from other surface patches. However, further studies suggest [11] that accessible surface area has the high impact on the differentiation. Protein-protein interfaces can be identified by the change in their solvent ASA, when going from monomeric to the dimeric state. Interface residues are defined as those, where ASA is decreased by 1 Å. Jones and Thornton observed that protein-protein interfaces for permanent complexes are more closely packed, but less planar with fewer inter sub-unit hydrogen bonds than the nonobligatory complexes [11] .
Fariselli et al. [19] defined surface residues if their ASA is larger than 16 % of its nominal maximum area [20] . The DSSP program [21] helps to calculate ASA values for each residue in unbound chain. Liu et al. [22] recognized a surface residue as an interface one, if the distance between its Cα atom and any residue's Cα atom from its molecular partner is less than 1.2 nm. Transient protein-protein interactions have an important role in many biological processes, such as cell regulation and signal transduction. In their study, the temperature factor (B-factor) was observed to differentiate between an interface and the rest of the protein surface. Therefore, apart from two well-known features, such as sequence profiles and ASA, the temperature factor is also important. In our work, we show that incorporation of a great variety of different physicochemical properties, together with other structural attributes, allows for further improving the quality of characterization of protein-protein interactions.
Several web servers have been recently developed for protein-protein interaction sites prediction, using different computational methodology and providing different levels of accuracy: a) Cons-PPISP http://pipe.scs.fsu.edu/ppisp.html method uses PSI-Blast sequence profile and solvent accessibility as the input to the artificial neural network [23] ; b) Promate http://bioportal.weizmann.ac.il/promate is based on Bayesian representation of secondary structure, atoms distribution, amino-acid pairing, and sequence conservation [24] ; c) PINUP http://sparks.informatics.iupui.edu/PINUP/ uses an empirical scoring function; consisting of the sidechain energy term, the term proportional to solvent accessible area, and the term accounting for sequence conservation; to predict protein binding site [25] ; d) PPI-Pred http://bmbpcu36.leeds.ac.uk/ppi_pred/ takes six properties (including surface shape and its electrostatic potential) as input to the support vector machine approach [26] ; e) SPPIDER http://sppider.cchmc.org/ is based on artificial neural network method, which uses predicted solvent accessibility [27] ; f) Meta-PPISP http://pipe.scs.fsu.edu/meta-pisp.html provides the meta web server that is built on top of the raw scores from cons-PPISP, Promate and PINUP [28] .
Zhou and Shan [29] predicted protein-protein interaction sites using artificial neural network (ANN) classifier trained with sequence profiles of neighboring residues and solvent exposure as the input. The main strength of the ANN predictor lies in the fact that neighbors' lists and solvent exposure are relatively insensitive to structural changes upon a complex formation, therefore performing equally well for bound or unbound structures of interacting partners.
In one of the recent works, Jang et al. [30] proposed a domain-based PPI prediction model using intra-protein domain cohesion and intra-protein domain combination coupling interactions. The technique uses hybrid inter/intradomain interaction information for improvement of the prediction accuracy. The work by Guo et al. [31] uses SVM and auto covariance which accounts for the interactions between amino acids within 30 amino acids apart in the sequence. This method considers effect of neighboring amino acids, similar to the sliding window scheme used in many earlier works [32] [33] [34] [35] . However, they are not considering interresidue interactions between two interacting proteins and therefore Guo et al. cannot specifically predict the interacting residue fragments in a pair of interacting protein. They have also curated the negative data samples, leading to over estimation of prediction accuracy [36] .
Summarizing, significant research was done in the area of protein-protein interactions, yet the problem of interaction sites prediction is still not fully understood. Major unresolved issues are, among others, linked with the problem of selection of biological and physico-chemical features crucial for protein-protein interactions [37] . The main problem in terms of theoretical analysis and machine learning algorithms typically is linked with non-balanced training dataset, namely the number of interaction sites is typically very small in comparison to non-interacting sites [38] . Moreover, any single physico-chemical feature is not sufficient to distinguish interface and non-interface residues, the complex nonlinear combinations of features are needed to describe an interaction site.
The PPI prediction is not the balanced learning problem; therefore the optimal set of computational methods' parameters is not easy to obtain. To select the proper subset of descriptors, we applied the consensus fuzzy clustering technique [38] to extract high quality physico-chemical indices from the set of 544 indices provided by the AAindex1 database (http://www.genome.jp/aaindex/). The selected subset of the most informative features is proved to be very useful for local representation of protein sequence characteristics in various machine learning applications [39] . Deng et al. [39] proposed ensemble learning method in order to overcome the misbalancing problem in PPI and effectively utilize a wide variety of features. He combined bootstrap sampling technique, SVM-based fusion classifiers and weighted voting strategy.
Other works in this domain include extraction of PPIs from biomedical literature [40, 41] . The challenge here is to find a suitable compromise between the biological relevance of the results and a comprehensive coverage of the analyzed networks. Zhang et al. [34] have used the graph kernel to compute dependency graphs representing the sentence structure for PPI extraction task, which can efficiently make use of full graph structural information, and particularly capture the contiguous topological and label information, ignored before. PPI networks can be grouped in two categories, one allowing a protein to participate in different clusters and the other generating only non overlapping clusters. Pizzuti et al. [35] present a co-clustering based technique to generate both overlapping and non overlapping clusters from the input PPI networks.
In view of the above facts, the goal of our paper is to predict the interacting residues for a pair of proteins given their unbound structures. The interface residues define the interaction site for those two proteins. More specifically, we attempt to predict interaction sites in protein complexes more accurately using selective high quality index physico-chemical features (HQI) extracted from AAindex1 dataset. We have used the sliding window algorithm with the length of 21 amino acids to select sets of local sequence segments for each protein, then identifying interacting residue pairs by considering their inter-atom distances. We have trained our method on three datasets of interacting proteins for Escherichia coli, Saccharomyces Cerevisiae and Homo sapiens and evaluated the PPI sites prediction performance on unknown test samples using SVM classifier. The PPIcons software is available for public domain at http:// code.google.com/p/cmater-bioinfo/ under Apache License 2.0. The meta-predictor is also designed by combining the interacting proteins from all considered organisms. PPIcons therefore is able to perform identification of interaction sites: 1) using organism specific prediction by the classifiers designed separately for three aforementioned organisms, and 2) using unified organism-independent meta-prediction. The dataset design principles, selected HQI features, and classifier design methodology are described in detail in the following section. The Results section provides the performance evaluation metrics and analysis of the prediction results for PPIcons software.
Methods

Training dataset
There are several databases available online containing proteins pairs that are experimentally observed to interact. We can divide these resources roughly into two groups: providing either sequence or structural details. The first group of experimentally confirmed protein-protein pairings also involves transient interactions, and the second focuses on real protein-protein complexes, i.e., stable, permanent interactions. In almost all databases, the developers use their own format for the data storage and processing, making the integration across different datasets difficult. However, the theoretical analysis of interactions depends on heterogeneous sources of biological information, such as sequence (genomic) and structural (crystallographic) databases, the literature mining, and experimental data. For our analysis, we selected two major databases containing experimental information about protein-protein interactions, namely Protein Data Bank (PDB) [42] , where one can find the three-dimensional structures of protein complexes, and Database of Interacting Proteins (DIP, http://dip.doembi.ucla.edu/dip) [43] , where the known interactions among protein pairs are stored.
Initially we started with 12606 number of protein-protein interactions of E. coli organism, which are given in the file Ecoli20100614.txt of DIP database. Among these interactions, some entries did not have UniProt KB signatures, matching PDB code, or even their primary sequences. Therefore, we applied the multi-stage refinement. After removing the interactions with incomplete information (unavailability of primary sequence and some missing UniProtKb id), the DIP database for E. coli is reduced to 8740 interactions (step 2). In step 3, we have checked the PDB entry for these known interactions by mapping the PDB id from their UniProtKb id. This process further reduces the PPI data to 2256 interaction pairs. Then the interactions are verified for availability of the same PDB entry for both interacting proteins, therefore known bound structures, and in this step the database size gets reduced to 312 entries (step 4). Each entry is now comprised of a valid PDB database identifier (for the protein-protein complex), with multiple UniProtKb codes. Further, the entries for homodimers are also removed (step5) and we finally get only 40 valid hetero-interactions as our training dataset. The amino acid sequences are extracted from file dip20091230.seq file (http://dip.doe-mbi.ucla.edu/dip/) using the corresponding UniProtKb id. A schematic description of the database preparation phase is shown in Fig. 1 .
In the case of PPI interactions for Yeast, we started with 22,208 entries from the Scere20100614.txt file of DIP database. After processing them through step 1 and step 2, as discussed above, the database first remains the same number 22,208 and after applying step 3 it was reduced to 1372, which further ended up as 204 entries, following step 4. After removing the homo-complexes protein (same protein) interactions (step 5), we finally get only 123 heterocomplex (different proteins) interactions in our Yeast training dataset.
Similarly for Homo sapiens we started with 2251 entries from the Hsapi20100614.txt file of DIP database. After processing them through step 1 and step 2, as discussed above, the database first remains the same number 2251 and after applying step 3 it reduced to 1007, which further reduces to 168 entries, following step 4. After removing the homo protein interactions (step 5), we finally get only 33 hetero interactions in our Homo sapiens training dataset.
The database format, used for our work is shown below, along with three valid interactions for the three organisms. The statistics recognized of PPI networks of E. coli, Yeast and Homo sapiens are also shown in the Figures 1, 2 and 3 respectively (see Supplementary material). The complete databases are available freely to download for academic users from our website http://code.google.com/p/cmater-bioinfo/.
Choice of the amino acid feature set
In conjunction with earlier machine and statistical learning approaches, Saha et al. [38] have performed an extensive search to derive, optimize, and evaluate physico-chemical features that can best discriminate between interacting and non-interacting sites. These features can be roughly divided into eight groups, namely electric properties, hydrophobicity, alpha and turn propensities, physico-chemical properties, residue propensity, composition, beta propensity and intrinsic propensities. Currently, 544 amino acid indices are released in AAindex1 database. These features previously were clustered into different highquality-indices (HQI) by co-authors [38] . In the current work, we have used eight HQIs (HQI8) with names: BLAM930101, BIOV880101, MAXF760101, TSAJ990101, NAKH920108, CEDJ970104, LIFS790101, and MIYS990104. Detailed description of the clustering method, software and Supplementary material are available for academic users at http://sysbio.icm.edu.pl/aaindex/AAindex/.
Representation of PPI features
Here, we are working with interacting protein pairs (say, P A and P B ) from our aforementioned training datasets. Let P A and P B be described by their own amino acid sequences as a 1 , a 2 , …, a M and b 1 , b 2 ,…,b N respectively, where a i ; b j ∈ A; R; N; D; L; K; M; F; C; Q; E; G; H; I; P; S; T; W; Y; V f g ; ∀i ¼ 1 to M and ∀j ¼ 1 to N :
In the next step, we compute inter-atom distances between P A and P B . Please note that we consider only the heavy atoms (as given in respective PDB entry) from each amino acid for this purpose. We define the distance measures as follows:
where P and Q are number of heavy atoms in the residues a i and b j respectively and d r (a ik ,b jl )=inter-atom Euclidean distances between the kth heavy atom of a i and lth heavy atom of b j . If D P (a i ,b j ) is lower than 3.5 Å [44] , then corresponding residue pair (a i , b j ) corresponding belonging to the protein pair (P A , P B ) is said to be interacting, otherwise they are said to be non-interacting. The protein sequences of hetero-complexes are therefore divided into multiple overlapping segments of subsequences, each consisting of 21 amino acids. Please note that the results from our current study strongly support selection of 21 window size, providing optimal results for protein-protein interaction prediction as tested on sample subsets of pairs of interacting proteins. For each pair of local sequence segments (LSS) from proteins P A and P B we consider all residues from a 1 , a 2 ,…,a 21 and b 1 , b 2 ,…, b 21 respectively, and check whether any of the residue pairs has D P (a i ,b j )<3.5 Å. If found, we annotate the given pair of sub-sequences (obtained from P A and P B respectively) as positive, i.e., confirmed interaction and extract HQI8 features for the 42 residues, resulting in a 428=336 dimensional feature vector representing positive training case. The overlapping subsequences are then shifted, as a sliding window, to check for further interactions. In all cases, where two sub-sequences have no interacting residue pair, then such sub-sequence pair is said to be noninteracting, and we recognized it as negative training cases described by 336 dimensional vector of features using also HQI8 features. These positive and negative vectors are then used by the machine learning procedure to train the support vector machine algorithm, designed separately to produce optimal recall, precision and area under ROC curve (AUC) scores.
Support vector machine
Support vector machine (SVM) is the pattern classification technique proposed by Vapnik and co-workers [45] . Traditional methods generally minimize the empirical training error, while SVM aims to minimizing the upper bound of the generalization error by maximizing the margin between the separating hyperplane and the data, providing the structure risk minimization principle protocol. Striking feature of SVM is the property of compacting information contained in the training data, and providing a sparse representation even using a small number of data points. SVM performs both linear and nonlinear classification in the parameter space. Nonlinear classification is done by mapping the space S={x} of the input data into a highdimensional feature space F={Φ(x)} and this is achieved by choosing an appropriate mapping f so that the data points become almost linearly separable in the high-dimensional space. For this, there is no need to compute the mapped patterns Φ(x) explicitly, instead only the dot products between mapped patterns are calculated. This can be done easily by choosing different kernel function, which generates Φ(x), e.g., radial basis function (RBF), polynomial, sigmoid and multi-layer perceptron classifiers [46] [47] [48] . Typically the performance of SVM mostly depends on the appropriate kernel function, yet there is no regular way to choose appropriate kernel functions within a data-driven approach.
In the case of our prepared dataset of interacting and noninteracting fragments, one group contains vectors of features representing positives denoted by (+ve) and the second group include negatives (−ve). Therefore, using those two clusters the problem is finally becoming the binary classification, which can be handled by nonlinear support vector machine with polynomial kernel function. Input training samples are nonlinearly mapped into higher dimensional space, where they are separated using hyperplane, which is at maximum margin from each of the two clusters. Given the training set of n input points {x i , y i }; i=1, 2, 3, 4,……,n; x i represents input feature vectors and y i represents corresponding class label with two values {+1, −1}.
The separating hyperplane is represented as a linear combination of the training samples and classification of unknown test pattern x is done by the cost function:
function and b is the bias that can be optimized on given training data. Note that if k(x i , y i ) becomes small as it grows further away from x i , each element in the sum measures the degree of closeness of the test point x to the corresponding point x i . The sum of kernels above can be used to measure the relative nearness of each test point to the data points originating in one or the other of the sets to be discriminated. The optimal hyperplane is found by varying α i and data point x i . Finally, the sign of f(x) function determines the class membership of the input query point. Here, we have used polynomial kernel function after testing different types of the kernels, observing that it provides the best results for our datasets.
Results
The current work, reported in this paper, involves 3254 positive interactions and 4948 negative interactions for E. coli proteome, 3490 positive interactions and 5082 negative interactions for Yeast proteome, and 3923 positive interactions and 6153 negative interactions for Homo sapiens proteome. We have also prepared a meta-dataset consisting of all three species mentioned above, which results in 9667 positive interactions, and 16,183 negative ones. It may be noted that the number of positive and negative interactions, considered in the training dataset for any proteome, are only a subset of all possible positive and negative interactions. This is done so to limit the computational complexity of the training algorithm, during the multi-fold cross validation (CV) process. Each interacting or non-interacting residue fragments are represented using HQI8 amino acids indices for both positive and negative data samples for the three organisms. We discuss here the training and testing prediction results for these organisms. Finally, the results with the meta-predictor that combines the training and test datasets from all three organisms are discussed in this section. In our 
AUC is calculated by using an average of a number of trapezoidal approximations over TPR versus FPR curve [49, 50] . The Matthews correlation coefficient is used in our work as a measure of the quality of binary (two-class) classifications and F-measure is used as a measure of the test's accuracy.
To analyze the performance of the developed technique, we have designed a two-stage evaluation strategy. In the first stage, the overall dataset is divided into two parts with the ratio 88:12 to define the CV set and the test set respectively. Then ten-fold cross validation is done with the CV set. In the second stage, the optimum network (chosen from the best of the ten runs during the CV experiment) is selected to evaluate the performance over the independent test set. For CV experiments with the E. coli proteome, we have randomly chosen 2893 positive interactions out of total 3254 interactions, and 4399 negative interactions from 4948 data samples. The nonlinear support vector machine classifier with polynomial kernel function of degree 5 is used during classification experiments over the CV set and the test set. A comparative result with different kernel functions (together with polynomial kernel function of degree 3) on the dataset for E. coli proteome is included in Supplementary Table S1 . It may be observed that the current choice of polynomial kernel function of degree 5 gives superior performance in the current experimental setup. For all subsequent experiments we therefore use this setup and report the classification performances accordingly. During CV, training is performed on three different optimization criterion, viz., Recall, precision and AUC scores. Ten CV experiment runs are marked as run#1, run#2… run#10. We present the results over the E. coli CV set for all ten runs, the average CV performance and the performance over the test set using AUC optimized network in Table 1 . Corresponding performances with the recall and precision optimized networks are given in Tables S2 and S3 respectively, in the Supplementary material. AUC, recall and precision optimized training strategies are discussed in our earlier works [51] [52] [53] [54] .
To allow some flexibility in the training program, SVM models have a cost parameter, c, that controls the trade-off between allowing training errors and forcing rigid margins. It creates a soft margin that permits some misclassifications. Increasing the value of c increases the cost of misclassifying points and forces the creation of a more accurate model that may not generalize well. In the support-vector networks algorithm, one can control the trade-off between complexity of decision rule and frequency of error by changing the parameter c [55] . In our work we have varied the value of c in the range (16, 316) . The gamma (γ) and degree of polynomial kernel determine the ability of the resulting SVM in fitting the data. We can also vary the kernel coefficient (r), to make the kernel non-symmetric. The intuitive meaning of gamma is the amount of influence of a support vector upon its surroundings. In the current work we have heuristically chosen: 0≤γ≤32, and 0≤r≤300. During any run of the CV experiment (run i ), the optimum set of kernel parameters are estimated as P i . We generate one-model files (m 1 ), over the complete CV set using the best set of kernel parameters (chosen on the basis of best AUC scores during CV). For three different optimization experiments, three different model files (m 1 ,m 2 ,m 3 ) are generated. Performances of these model files (m i ) over the E. coli test set are evaluated and the best results for the AUC optimization is reported in the last row of Table 1 . Figure S4 in the Supplementary data sheet shows a performance analysis over the E. coli dataset during the CV experiment.
In the same way, we have prepared interacting and noninteracting residue fragments and extracted HQI8 features for both positive and negative data samples for the Yeast organism. For the CV experiment, 3103 positive interactions have been randomly chosen from 3490 positive interactions, and 4518 negative interactions are chosen for 5082 data samples. AUC optimized results of ten-fold CV experiment and over the independent test set are shown in Table 2 , and the corresponding results with the recall and precision optimization are shown in Tables S4 and S5 respectively (see Supplementary data). Figure S5 (see Supplementary data) shows the performance analysis over the Yeast dataset during the CV experiment using three different optimization strategies.
For the CV experiment with the Homo sapiens organism, 3488 positive and 5470 negative interactions are randomly selected from the total set of 3923 and 6153 interactions respectively. The AUC optimized results of ten-fold CV experiment and over the independent test set are shown in Table 3 , and the recall and precision optimized results are shown in Tables S6 and S7 , in the Supplementary data sheet. Figure S7 (see in Supplementary data sheet) shows a performance analysis over the Homo sapiens dataset during the CV experiment using three different optimization strategies. Finally, in the case of meta-dataset experiment, 9484 positive and 14,387 negative interactions are randomly selected from the combined data set (collected from the aforementioned three organisms in the same ratio of train and test as discussed above in individual cases) of 9667 positive and 16,183 negative interactions respectively, in the ratio of 88:12 to generate the CV set and the test set. The AUC optimized results of the ten-fold CV experiment and over the independent test set are shown in Table 4 and the corresponding recall and precision results are shown in Tables S8  and S9 respectively (see Supplementary data). Figure S8 , in Supplementary sheet, shows a performance analysis of the meta dataset during the CV experiment, over the independent test set using three different optimization strategies.
We compared our results with similar works reported previously in the literature. In the work of Wang et al. [56] position specific scoring matrices (PSSMs) were used along with evolutionary conservation score for 11 neighbor residues. They obtained 71.9 % AUC, 68.6 % sensitivity and 65.4 % specificity over their dataset of 113 pairs of interacting proteins. Nguyen et al. [57] used PSSMs and accessible surface areas (ASA) with 15 neighbor residue to get 74.9 % AUC, 35.9 % sensitivity and 92.9 % specificity scores over 77 individual proteins collected from the Protein Data Bank. Both the above methods used SVM pattern classifier. Deng et al. [39] used an ensemble method with weighted voting strategy along with SVM approach and achieved 79.7 % AUC, 76.7 % sensitivity and 63.1 % specificity over 54 hetero-complexes. Bordner and Abagyan [58] achieved 76 % accuracy, 57 % recall and 26 % precision over 1494 protein-protein interfaces, of which 518 were homodimers, 114 were heterodimers and 862 were multimers. Singh et al. [44] obtained 60 % sensitivity and 75 % specificity in their Struct2Net web server.
In comparison, our results are prepared using 196 heterocomplexes (40 for E. coli, 123 for Yeast, 33 for Homo sapiens) and obtained up to 81.46 % AUC, 73.68 % sensitivity (or recall) and 89.25 % specificity (see Table 1 ) over our E. coli test dataset. For Yeast test data, we have obtained 75.4 % AUC, 74.2 % sensitivity (or recall) and 76.6 % specificity (see Table 2 ). For Homo sapiens test data, we have obtained 72.3 % AUC, 72.2 % sensitivity (or recall) and 72.3 % specificity (see Table 3 ). Finally, in the case of meta-dataset, we have 75.5 % AUC, 72.3 % sensitivity, 78.7 % specificity (see Table 4 ). We have also calculated the MCC for all three organisms E. coli, Yeast, Homo sapiens which are 64.26 %, 50.23 %, 43.62 % (given in Tables 1, 2 and 3) respectively and finally for meta dataset, it is 50.59 % (see Table 4 ). The F-measures are also calculated for all three organisms E. coli, Yeast, Homo sapiens which are 77.55 %, 71.22 %, 66.95 % (given in Tables 1, 2 and 3) respectively and finally for meta dataset, it is 70.63 % (see Table 4 ). We have also added Table 5 and Fig. 2 for easy comparison of our work with the existing ones available in the literature.
Although the performances of different existing techniques are not evaluated over an identical test-bed (due to large variations in the datasets), the PPIcons results over the 196 hetero-complexes are found to be comparable with the existing state-of-the-art tools. In fact, the reported numbers show that PPIcons performance is better than most of the other prediction tools. For example, the AUC score of the meta-data PPIcons is higher than all but the one designed by Deng et al. Our E. coli specific PPIcons on the other hand has better AUC score than Deng et al. It may also be noted that work of Deng et al. has higher sensitivity value, but lower specificity value in comparison to our work. Similarly, the work of Nguyen et al. has lower sensitivity but higher specificity in comparison to PPIcons. In general, our predictors are found to be stable and reports balanced prediction results in comparison to the existing systems.
Conclusions
In the present work, we introduce the PPIcons software as a novel and accurate tool for PPI site prediction, using only protein sequences. In the training dataset we have used three dimensional structures of interacting proteins, yet the predictor uses only sequence composition in order to predict which local sequence segments from both proteins are interacting. The distance between all atom pairs are calculated, if it is equal or less than 3.5 Å, the pair is considered as interacting. The local sequence neighborhoods are then considered and HQI8 features vectors are used to represent the continuous, overlapping sliding window of length 21 residues. Finally, support vector machine algorithm with polynomial kernel function of the degree 5 is used to build the statistical learning model for individual organisms and the meta-predictor. This prediction model allows annotating unknown interactions, enriching the biological knowledge about proteins' partners. The current work also provides datasets of interacting hetero-complexes collected from three organisms, viz., E. coli, Yeast and Homo sapiens. Moreover, the results of meta-predictor show that the method is stable over different organisms. The training datasets and the source code for PPIcons tool are available in public domain at http://code.google.com/p/cmater-bioinfo/. The performance of our predictor is better than most of the methods discussed in this paper. Although the datasets used in different works are sometimes different, up to now the general performance scores from different publications are compared in evaluation of different in silico methods in PPI domain.
In this paper, we have worked with three different organism specific databases, as well as a combined metadatabase. We would like to improve the database by including more organisms in the near future. Due to limitation of computing resources, all interactions could not be considered for training. Despite certain constraints, the current version of PPIcons is observed to generate a steady and balanced prediction result (in terms of AUC score, sensitivity and specificity) over labeled test samples of different organisms. As evident from the discussion in the Results section, the performance of the PPIcons program is found to be comparable or better than the state-of-the-art tools available today. For most of the existing predictors their performances are not balanced, producing high sensitivity, yet low specificity, or vice-versa. Avoiding such a biasing is often difficult in a complex binary classification problem. Considering that, the balanced prediction potential of our developed algorithm may be considered as a good statistical learning characteristic. The PPIcons software tool is also made available for free download in the public domain. In the future we plan to incorporate a larger training/test datasets, incorporating more proteins from E. coli, Yeast, Homo sapiens and other organisms, for design of improved versions of PPIcons. Design of an effective classifier ensemble, for meta-analysis of classification results different experimental sources, may be incorporated in future. Brainstorming consensus [59] or weighted Markov chain based rank aggression approach [60] may be used for the in future to achieve such an objective.
